In this paper, a new orthogonal wavelet representation for multivalued images is presented. The idea for this representation is based on the determination of the maximal length of linear vector operators, applied to multivalued images. This concept is derived from the concept of maximal gradient of multivalued images. The pyramidal dyadic wavelet transform algorithm, using quadrature mirror filters is modified to be applied to multivalued images, where all detail information of the different bands is accumulated into one single representation. The representation allows for a multiscale edge description of multivalued images, with several applications ranging from multispectral image fusion to multivalued image enhancement, denoising and segmentation.
INTRODUCTION
With the evolution of imaging technology, an increasing number of image modalities becomes available. In remote sensing, sensors are used that generate a number of multispectral bands. In medical imagery, distinct image modalities reveal different features of the internal body. Examples are MRI images, sensitive to different imaging parameters (T1, T2, proton density, diffusion, ...), CT and nuclear medicine modalities. A particular type of multivalued images are colour images. A lot of attention has been devoted to the classification and/or segmentation of multimodal data. However, usually only a fraction of the data provides unique or useful information. Moreover, reducing the data set reduces the complexity of a classification procedure. Other image processing procedures to facilitate the classification and segmentation of multivalued images include noise filtering and image enhancement. It is obvious that all these image processing and analysis techniques would benefit from the combined use of the different bands. Nevertheless, in most cases single-valued processing and analysis techniques are applied to each of the bands separately. The results for each component are then combined in a usually heuristic manner. A large part of image processing and analysis techniques makes use of the image edge information, that is contained in the image gradient. A nice way of describing multivalued edges is given in [1] . Here, the images "first fundamental form", a quadratic form, is defined for each image point. This is a local measure of directional contrast based upon the gradients of the image components. This measure is maximal, at each image point, in a particular direction, that in the greylevel case is the direction of the gradient. Based on this definition, in [2] , a colour edge detection algorithm was described and a colour image anisotropic diffusion algorithm was described in [3] . In previous work [4] , we have extended this concept towards multiscale edges, making use of the redundant wavelet transform of [5] , allowing for a reconstruction, combining multiscale edge information of all bands involved. In this paper, an orthogonal multivalued wavelet representation is developed. For this, the concept of fundamental form is extended from the gradient towards general linear vector operators. The generally applied separable conjugate mirror filter decomposition is modified to contain such vector operator. In this way, detail images from different bands are combined into one single representation. How to apply such operator on a multivalued image? One logical procedure would be to apply it on each band separately, and average the resulting vectors. In other cases, one is interested in the maximum effect of the operator, e.g. in case of the gradient operator, this would lead to the most dominant edges. Therefore, the operator can be applied on each band separately, and the resulting vector with largest length: Ä´Áµ ¾ Ñ Ü Ò Ä´Á Ò µ ¾ can be chosen. However both procedures do not optimally take all bands simultaneously into account. In case of the average, opposite resulting vectors will annihilate the effect of the operator. In case of the maximum, important effects (e.g. the second largest vector, in an opposite direction) can get lost.
VECTOR OPERATORS FOR MULTIVALUED IMAGES
In this paper, a new 'maximal length' and 'direction of maximal length' is defined, taking into account all bands simultaneously. The proposed procedure is derived from the wellknown procedure for calculating gradient information from multivalued images [1] . There, a maximal gradient and maximal direction of gradient was defined, making use of a quadratic form of the image differential. We will follow that procedure, while extending the concept towards linear vector operators, defined above. Define the infinitesimal displacement vector:
Its squared norm in Ê AE , using the Euclidean metric is given by:
This expression is a quadratic form. 
A particular problem that occurs is that the diagonalization does not uniquely specify the sign of the eigenvectors. This has been extensively studied in the case of the gradient in [2] . There, it was proven that the eigenvectors can be uniquely oriented in simply connected regions where · . Based on this, an algorithm was proposed to orient the eigenvectors, keeping the angle-function continuous in local regions. Instead of following the proposal of [2] , we propose the following (more simple) solution to this problem. The direction of maximal length is compared to the average direction, obtained by applying the operator on all bands separately. For this, the two vectors Ä´Áµ and ½ AE È Ò Ä´Á Ò µ are multiplied. If the sign of the scalar product is positive, the direction of the eigenvectors is maintained, else it is flipped. As already mentioned, the most evident vector operator on which the proposed technique can be applied is the gradient operator, where the quadratic form is referred to as the first fundamental form. Recently, we have extended this concept to multiscale gradients, defining multiscale fundamental forms [4] . Therefore, we have applied the redundant dyadic wavelet transform of [5] . There, the wavelet coefficients are derivatives with respect to Ü and Ý of smoothed versions of the image. In this way, a fundamental form can be defined at each scale. When applying this transform to a multivalued image, the maximal gradient at each scale can be calculated. After inverse wavelet transformation, a greylevel image is obtained that combines the multiscale edge information of all of the bands simultaneously. Different applications were discussed, among which fusion and merging of multispectral images [6] and anisotropic diffusion filtering of color images [7] . One major drawback of the multiscale representation is the fact that the applied transform is redundant, leading to large computer power and memory requirements. With the proposed extension of the fundamental form towards general linear operators, the use of an orthogonal operator becomes feasible. In the next section, we will discuss the development of an orthogonal multivalued wavelet representation.
AN ORTHOGONAL MULTIVALUED WAVELET REPRESENTATION
As an application of the concept of maximal length of vector operators, we want to combine all bands of a multivalued image into one orthogonal wavelet representation. In the dyadic separable orthogonal wavelet decomposition [8] , an figure 1 , the algorithm is illustrated by a block diagram for one scale. The process consists out of separable 1-D convolutions along row (column) and subsampling, by skipping one row (column) out of two. The multivalued representation will be developed by combining detail information of the different bands into one set of detail images. For this, let us define the following linear vector operator:
i.e. an operator, containing the bandpass filter , applied separably in the Ü -and Ý-directions. This operator is applied on a multivalued image by using (1) and (4). In order to apply this operator within the pyramidal decomposition algorithm, the latter has to be slightly modified. The algorithm combines linear filtering with nonlinear subsampling. We have to postpone the subsampling until after ap- In fact, these two steps are identical to calculating Ä´ ¾ ·½ Áµ Ä´ ¾ ·½ Á ½ ¾ ·½ Á ¾ ¾ ·½ Á AE µ Ì . Thirdly, the remaining of the pyramidal algorithm of figure 2 is calculated (see figure 4) . Remark that the two ways of calculating the ¿ images generally will lead to (slightly) different results. In the following, we will take the average of both.
APPLICATIONS
The representation, as described in the previous section accumulates detail information of different bands into one representation. This can be useful in several ways. First of all, one can reconstruct the representation of each band separately. The low resolution image ¾ Â Á Ò of each band is retained, while the detail images of the decomposition of figure 4 are taken. In this way, a multivalued image is obtained, where each band contains accumulated edge information from all bands involved. In the case of color images, the results appears as an edge-enhanced image. In the case of A third possible application is given by the merging of different images. One can e.g. combine a high-resolution greylevel image with a low-resolution multispectral image. Applications are found in satellite imagery. For this, each band of the multispectral image is combined with the greylevel image in the following way: the low resolution image of the multispectral image is retained, while the detail images are obtained as in figure 4 . After reconstruction, the spatial resolution of the band is improved, while the spectral information is retained. Other possible applications do not reconstruct the obtained multivalued representation, but only make use of the accumulated edge information. Possible applications include: anisotropic filtering of color and multivalued images, waveletbased denoising of multivalued images, edge-based (e.g. watershed) multivalued image segmentation.
